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Passive Beamforming for IRS Aided Wireless Networks
Ke-Wen Huang and Hui-Ming Wang, Senior Member, IEEE
Abstract—In this letter, we design passive beamforming in
an intelligent reflecting surface (IRS) assisted multiple-user
wireless network. Two different scenarios are considered, namely,
multicasting and multi-user downlink transmission. We optimize
the passive beamforming vector of the IRS to maximize the
smallest signal-to-noise ratio of the users in both scenarios. Based
on the alternating direction method of multipliers algorithm, a low
complexity method is designed to iteratively solve the established
problem. In each iteration of the proposed method, the solution
is in closed form, and thus the computation complexity is low.
Numerical results are presented to show the efficiency of the
proposed method.
Index Terms—Intelligent reflecting surface, passive beamform-
ing, signal-to-noise ratio balancing.
I. INTRODUCTION
Recently, intelligent reflecting surface (IRS), improving the
wireless environment by reflecting incident electromagnetic
waves in a controllable manner, has gained considerable
research attention [1], [2]. Intuitively, if the reflecting coef-
ficients (RCs) of the IRS, namely, passive beamforming, are
properly designed, then the signal reflected by the IRS can be
coherently superimposed on the signal from other propagation
paths at the intended receiver, which significantly enhances
the signal strength.
To make full use of the IRS, some recent efforts have been
devoted to design and optimization for IRS-aided wireless
communications [3]–[7]. In [3], transmissions from a multiple-
antenna transmitter to multiple receivers were considered.
The authors minimized the transmit power by optimizing
the transmit beamforming at the transmitter and the passive
beamforming at the IRS. Theoretically, [3] showed that with
the help of an IRS, the transmit power can be reduced by
a factor of 1
N2
, where N is the number of the reflecting
elements. In [4], energy efficiency maximization problem in
an IRS-aided wireless system was studied, and the authors
alternatingly optimized the power allocation at the transmitter
and the passive beamforming at the IRS. The numeric results
in [4] reveal that with the aided of an IRS, the system achieves
higher energy efficiency compared to the case where the IRS
is replaced by an amplify-and-forward relay. In [5], passive
beamforming is designed in wireless powered communication
networks, wherein the IRS not only improves the quality of
the information-carrying signal but also helps the receivers
harvesting wireless energy. In [6], an IRS-aided cognitive radio
communication system was studied, and it was shown that
using passive beamforming, the communication performance
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of a secondary user can be significantly improved. In [7], the
IRS is used to improve the security of wireless systems.
Though IRS has been applied to many different scenarios
(as introduced above), the method to obtain a good passive
beamforming vector has not been well studied. In general,
optimizing the passive beamforming involves solving an non-
convex problem, which is usually hard to handle. Existing
works usually tackle the non-convexity by using the tech-
nique of semidefine relaxation (SDR) and transforming the
optimization problem into a convex semidefine programming
(SDP), see e.g., [3], [5]. However, in general, the compu-
tational complexity of the SDR-based method is very high.
Specifically, using the SDR-based method, O(N2) variables
need to be optimized, and thus does not apply to the case with
massive reflecting elements. Besides, the SDR-based method
may not generate rank-one solution, meaning that techniques,
such like Gaussian randomization, is required to recover a
feasible solution, which further increases the computational
burden. There are indeed some low complexity designs [4],
[6], which are, however, restricted to some special scenarios,
for example, when direct links are absent [4] and when only
one secondary user are considered [6].
Motivated by the observations above, in this letter, we
aim at designing low complexity method to obtain good pas-
sive beamforming vector for IRS-aided multiple-user wireless
networks. Two different communication scenarios, namely,
multicasting and multi-user downlink transmission, are con-
sidered. For both cases, we maximize the smallest signal-to-
noise ratio (SNR) of the users, and low complexity methods
are designed based on the alternating direction method of
multipliers (ADMM) algorithm [8]. In the following, we first
introduce the system model, and then discuss the proposed
methods.
II. SYSTEM MODEL
We consider that a base station (BS), equipped with M
antennas, transmits to K single-antenna users under the help
of an IRS that consists of N reflecting elements. Denote by
fk ∈ CM×1, hk ∈ CN×1, G ∈ CN×M the channels from the
BS to the k-th user, from the IRS to the k-th user, and from
the BS to the IRS, respectively. The channel are assumed to
be static and are known to the BS.
We consider two communication scenarios, i.e., multicasting
and multi-user downlink transmission. In the case of multicas-
ting, the BS transmits a common message to all users. Denote
by b the beamforming vector of the BS. The signal-to-noise
ratio (SNR) of the k-th user is
SNR
(m)
k = |
(
hHk Φ
HG+ fHk
)
b|2/σ2k, (1)
where σ2k is the noise power of the k-th user andΦ = diag(φ)
consists of the RCs of the IRS with φ = [φ1, φ2, · · · , φN ]T
2and |φn| ≤ 1 for 1 ≤ n ≤ N . In the case of multi-user
downlink transmission, the BS transmits different messages to
different users. Denote by bk the beamforming vector for the
k-th user. Treating the interference as noise, the SNR of the
k-th user is
SNR
(d)
k =
|
(
hHk Φ
HG+ fHk
)
bk|2
σ2k +
∑
k′ 6=k |
(
hHk Φ
HG+ fHk
)
bk′ |2
. (2)
In this letter, we aim to optimize the passive beamforming
vector φ to improve the communication performance. Note
that in practice, the transmit beam of the BS and the passive
beam of the IRS can be jointly optimized. However, in this
letter, we only focus on the sub-problem of optimizing φ. This
is because such a joint optimization problem is usually treated
in an alternating manner, and when φ is fixed, the problem de-
grades to conventional transmit beamforming problem which
has been extensively investigated. In this letter, we focus on
the following max-min problem,
max
φ
min
k
SNR
(s)
k (φ), (3a)
s.t. |φn|
2 ≤ 1, for ∀n, (3b)
where s = m stands for the multicasting scenario, and s = d
stands for the multi-user downlink transmission scenario. In
this letter, b and {bk}Kk=1 are assumed to be fixed, and thus
the formulated optimization problem (3) is irrespective of the
active beamforming scheme adopted by the BS.
By (3b), we consider ideal IRS with continuous RCs.
We note that for implementation simplicity, some literature
assumed that the amplitude of the RCs are fixed as 1, meaning
that the RCs are subject to the following constraints
|φn| = 1, for ∀n. (4)
However, (4) is not a convex constraint and is generally hard to
handle directly. In this letter, we focus on optimizing φ under
constraint (3b). Though we do not directly handle constraint
(4), we will check the communication performance under
constraint (4) by directly projecting the solution to (3) into
the set of φ defined by (4). In the following two sections, we
present our method to solve (3) in the multicasting and the
multi-user downlink transmission scenarios, respectively.
Remark: Problem (3) differs form the SNR balancing prob-
lem in [12] and cannot be solved by the method in [12].
Specifically, in (3), a single passive beam is designed for
all users, while in [12], different users are associated with
different beamforming vectors. As a result, (3) can not be
transformed into a generalized eigenvalue problem as in [12].
III. MULTICASTING
In this section, we present a low complexity method for
optimizing the passive beamforming vector. Before presenting
our method, we first introduce the widely used SDR-based
method, which will be used as a benchmark for comparison.
A. Benchmark SDR-based method
We reformulate SNR
(m)
k as,
SNR
(m)
k = |α
H
k φ+ βk|
2 = φ¯Hα¯kα¯
H
k φ¯ = Tr (ΨΞk) , (5)
where αk ,
1
σk
HHk Gb, Hk , diag{hk}, βk ,
1
σk
bHfk,
φ¯ , [φT , 1]T , α¯k , [α
T
k , β
∗
k ]
T , Ψ , φ¯φ¯H , and Ξk ,
α¯kα¯
H
k . Then, by using the technique of SDR, i.e., namely,
neglecting the rank-one constraint on Ψ, (3) becomes
max
Ψ0;γ
γ, s.t. Tr (ΨΞk) ≥ γ, for ∀k, (6a)
[Ψ]n,n ≤ 1, for ∀1 ≤ n ≤ N, (6b)
[Ψ]N+1,N+1 = 1. (6c)
This is a standard convex SDP, and can be solved by math-
ematic tool such as CVX [14]. Note that if constraint (4) is
considered in replacement of (3b), the resulting optimization
problem can still be transformed into an SDP in the form of
(6) except that the inequality constraint (6b) is replaced by
[Ψ]n,n = 1 for ∀1 ≤ n ≤ N . We point out that such an SDP
is actually equivalent to (6) in viewing the fact that the left-
hand-side of (6a) is increasing with [Ψ]n,n for ∀n, and thus
all the inequality constraints in (6b) are active at the optimal
point. Note that due to the neglected rank-one constraint onΨ,
(6) is not equivalent to (3), and if the optimal solution to (6) is
not rank-one, then technique such as Gaussian randomization
is required to generate a rank-one solution.
B. The proposed ADMM-based method
By introducing a slack variable γ, (3) is equivalent to,
max
φ,γ
γ, s.t.
{
SNR
(m)
k (φ) ≥ γ,
|φn|
2 ≤ 1, for ∀n.
(7)
Now, we focus on problem (7). In fact, the difficulty of solving
(7) lies in the non-convexity of SNR
(m)
k (φ). To tackle this
problem, we follow the principle of successive convex approxi-
mation (SCA), see. e.g., [13]. In brief, the SCA method handles
non-convex optimization problem by replacing the non-convex
part with some properly selected convex approximations. In
our case, SNR
(m)
k (φ) can be approximated by its the first
order Taylor expansion at some feasible point φe, denoted by
SNR
(m)
k (φ,φe), i.e.,
SNR
(m)
k (φ) ≥ SNR
(m)
k (φ,φe) , 2ℜ{t
H
k φ}+ sk. (8)
where tk ,
(
αHk φe + βk
)
αk and sk , |βk|2 − |αHk φe|
2.
And we obtain the following convex problem,
max
φ,γ
γ, s.t.
{
2ℜ{tHk φ}+ sk ≥ γ, for ∀k,
|φn|
2 ≤ 1, for ∀n.
(9)
By repeatedly solving (9), and setting the point for expansion,
i.e., φe, in each iteration as the optimal solution obtained in the
previous iteration, the whole procedure generates a sequence
of solution that converge to a Karush-Kuhn-Tucker (KKT)
solution of (3) [13, Therorem 1]. For more details about the
convergence of the SCA method, please refer to [13].
3Now, we present an efficient method to solve (9). The main
idea is to use the ADMM algorithm to decompose (9) into
multiple parallel sub-problems, each of which is simple and
can be solved in closed form. To do so, we first reformulate
(9) as the following equivalent form
min
X ,γ
− γ, s.t.


C1 : g(xk, zk) ≤ 0, for ∀k,
C2 : |yn|
2 ≤ 1, for ∀n,
C3 : x = THφ, y = φ, z = γ1,
(10)
where X , {x,y, z,φ, γ}, g(xk, zk) , zk − 2ℜ{xk} − sk,
T , [t1, t2, · · · , tK ], and 1 is a column vector with all of
its elements being one. For notational convenience, we use pk
(pj,k) to denote the k-th element of p (pj) for any vector p
(pj) and we use pk¯ (pj,k¯) to denote the vector obtained by
deleting the k-th element of p (pj). By dividing X in two two
groups, i.e., X1 = {x,y, z} and X2 = {φ, γ}, we now use
ADMM to solve (10).
In principle, the ADMM algorithm solves convex optimiza-
tion problem by alternatingly updating the primal and dual
variables using the Gauss-Seidel method. At the l-th iteration,
the ADMM algorithm consists of the following steps
X
(l+1)
1 = argmin
X1
L(m)ρ (X1,X
(l)
2 ,u
(l),v(l),w(l)),
s.t. C1 and C2 in (10), (11a)
X
(l+1)
2 = argmin
X2
L(m)ρ (X
(l+1)
1 ,X2,u
(l),v(l),w(l)), (11b)
u(l+1) = u(l) + x(l+1) − THφ(l+1), (11c)
v(l+1) = v(l) + y(l+1) − φ(l+1), (11d)
w(l+1) = w(l) + z(l+1) − γ(l)1, (11e)
where L
(m)
ρ is the augmented Lagrangian function
L(m)ρ =− γ +
ρ
2
||x− THφ+ u||2
+
ρ
2
||y − φ+ v||2 +
ρ
2
||z − γ1+w||2 (12)
with ρ > 0 being arbitrary and {u,v,w} being the dual
variables corresponding to the three equality constraints in
(10). Note that the iterations in (11) involves solving two
optimization problems, i.e., (11a) and (11b). In the following,
we show that (11a) and (11b) can be solved in closed form.
For notational simplicity, we omit the index of iteration l.
Solution to (11a): with (12), (11a) can be written as
min
x,z,y
‖x− τ1‖
2
+ ||z − τ2||
2 + ||y − τ3||
2 (13a)
s.t. C1 and C2 in (10) (13b)
where τ1 , T
Hφ−u, τ2 , γ1−w, τ3 , φ−v. By checking
the KKT conditions, we obtain the optimal solution to (13) is(
xk
zk
)
=
{
(xk(0), zk(0))
T , if gk(xk(0), zk(0)) ≤ 0,
(xk(µk), zk(µk))
T , else,
yn =
{
τ3,n, if |τ3,n| ≤ 1,
τ3,n/|τ3,n|, else,
(14)
where 1 ≤ k ≤ K , 1 ≤ n ≤ N , xk(µ) , µ + τ1,k, zk(µ) ,
− 12µ+ τ2,k, and µk =
2
5 (τ2,k − 2ℜ{τ1,k} − sk).
Solution to (11b): Based on (12), (11b) becomes the fol-
lowing unconstraint convex quadratic problem
min
γ,φ
ρ
2
∥∥τ4 − THφ∥∥2 + ρ
2
‖τ5 − φ‖
2
+
ρ
2
‖τ6 − γ1‖
2 − γ,
where τ4 , x+ u, τ5 , y + v, and τ6 , z +w. By letting
the first order derivative to be zero, and the optimal solution
to (11b) is given by
γ =
1 + ρ1Tτ6
ρK
, φ = (I + TTH)−1(τ5 + Tτ4). (15)
In summary, in this section, we have presented a method
to solve (3). The proposed method repeatedly solving (9) by
using the closed-form iterations in (11). We note that for
different value of k (n), updating {xk, zk} ({yn}) can be
implemented in a parallel manner which potentially reduces
the time consumption for computation. Besides, by carefully
checking the iteration process in (11), the computational com-
plexity (evaluated through the number of float multiplications)
is J1 ×
(
O(N3) + J2 × (O(N2) +O(K))
)
, where J2 is the
number of the iterations that are required for (11) to converge
and J1 is the number of times for which we repeatedly solve
(9). Note that the computation complexity of the SDR-based
method in Section III-A is O(N6).
IV. MULTI-USER DOWNLINK TRANSMISSION
In this section, we design passive beamforming for the case
where the BS sends individual messages for different users.
For ∀k, k′, define αk,k′ ,
1
σk
HHk Gbk′ , βk,k′ ,
1
σk
bHk′fk,
Λk , [αk,1, · · · ,αk,k−1,αk,k+1, · · · ,αk,K ], and βˆk ,
[βk,1, · · · , βk,k−1, βk,k+1, · · · , βk,K ]T . Define dk(φ, γ) ,
|αHk,kφ+βk,k|
2
γ
. Based on (2), (3) can be rewritten as
max
φ,γ
γ, (16a)
s.t. 1 + ||ΛHk φ+ βˆk||
2 − dk(φ, γ) ≤ 0, ∀k, (16b)
|φn|
2 ≤ 1, ∀n (16c)
The difficulty of solving (16) lies in the fact that −dk(φ, γ)
in (16b) is non-convex. In fact, dk(φ, γ) is a convex quadratic-
over-linear function, meaning that −dk(φ, γ) is a concave
function of (φ, γ). Following the principle of SCA [13], we
replace−dk(φ, γ) with its first order Taylor expansion at some
feasible point (φe, γe), which constitutes an upper bound on
−dk(φ, γ), and obtain the following convex constraint,
2ℜ{tˆHk φ}+ sˆk ≥ qkγ + ||Λ
H
k φ+ βˆk||
2, ∀k, (17)
where tˆk ,
1
γe
(αHk,kφe + βk,k)αk,k , sˆk , 2
|αHk,kφe+βk,k|
2
γe
−
2ℜ{(φHe αk,k+β
∗
k,k)α
H
k,kφe}
γe
− 1, and qk ,
|αHk,kφe+βk,k|
2
γ2e
.
Based on (17), we obtain the convex problem below
max
Xˆ
γ, s.t.


gˆ(xk, zk) ≥ 0, ∀k,
|yn|
2 ≤ 1, ∀n, xk = T
H
k φ, ∀k,
y = φ, z = γ1,
(18)
where Xˆ = {{xk}Kk=1,y, z,φ, γ}, gˆ(xk, zk) , 2ℜ{xk,1} +
sˆk−qkzk−||xk,1¯+βˆk||
2, and Tk , [tˆk,Λk] for ∀k. Note that
4in (18), we have introduced slack variables {{xk}Kk=1,y, z},
which is similar to what we have done in (10).
Based on (18), the augmented Lagrangian function is
L(b)ρ =− γ +
ρ
2
K∑
k=1
||xk − T
H
k φ+ uk||
+
ρ
2
||y − φ+ v||2 +
ρ
2
||z − γ1+w||2. (19)
where uk is the dual variable corresponding to the constraint
xk = T
H
k φ for 1 ≤ k ≤ K . By dividing Xˆ into two
groups, i.e., Xˆ1 = {{xk}
K
k=1,y, z} and Xˆ2 = {φ, γ}, we
now use ADMM algorithm solve (18). In fact, to solve (18),
the ADMM iteration process is essentially the same as (11),
and the differences appear only when we update {xk, zk} and
φ, which we present below.
The update of {xk, zk} for k = 1, 2, · · · ,K: according to
(19), the update of {xk, zk} involves solving the following
optimization problem,
min
xk,zk
||xk − τ
(k)
1 ||+ (zk − τ2,k)
2, s.t. gˆ(xk, zk) ≥ 0, (20)
where τ
(k)
1 , T
H
k φ−uk. By checking the KKT condition of
(20), we obtain the optimal solution of (20) as
(xk, zk) =
{
(xk(0), zk(0)), if gˆk(xk(0), zk(0)) ≤ 0
(xk(µk), zk(µk)), else
where xk,1(µ) = τ
(k)
1,1 +µ, xk,1¯(µ) = (1+µ)
−1(τ
(k)
1,1¯
−µβˆk),
zk(µ) = −
µqk
2 + τ2,k, τ
(k)
1 = T
H
k φ− uk, and µk is the root
of equation gˆk(xk(µ), zk(µ)) = 0 in (0,∞). Note that based
on the expressions of xk(µ) and zk(µ), gˆk(xk(µ), zk(µ)) = 0
is actually a cubic equation with respect to µ. Therefore µk
can be written in a closed form, which we omit due to the
space limitation.
The update of φ: Based on (19), the update of φ is given by
φ = argminφ
{∑K
k=1 ||τ
(k)
4 − T
H
k φ||+ ||τ5 − φ||
2
}
where
τ
(k)
4 , xk + uk for k = 1, · · · ,K . Note that this is a
unconstraint quadratic problem, and the solution is
φ =
(
I +
K∑
k=1
TkT
H
k
)−1(
τ5 +
K∑
k=1
Tkτ
(k)
4
)
. (21)
In summary, in this section, we have proposed a method to
solve (3) for the multi-user downlink transmission scenario.
The computational complexity of the method in this section
is higher than that in the Section III due to the fact that
more slack variables are introduced. However, the update of
{xk, zk}Kk=1 and {yn}
N
n=1 can be implemented in parallel
manner, which is helpful to reduce the computing time.
V. NUMERIC RESULT
In this section, numeric results are presented to show
the performance of the IRS-aided wireless networks. Unless
specified, we set σ21 = · · · = σ
2
K = −40 dBm, the transmit
power of the BS as PB = 10 dBm, M = 30, and K = 15.
The path-loss exponents are set to be 3 for the channels from
the BS to the IRS and to the users, and are set to be 2 for
TABLE I: Comparisons between the SDR-based method and
the proposed ADMM-based method with N = 200.
ACT (secs) mink SNRk
SDR, Scheme 1 5.21 4.9239
SDR, Scheme 2 5.21 3.2342
ADMM, subject to (3b) 0.49 5.4905
ADMM, subject to (4) 0.49 5.3901
the channels from the IRS to the users. The locations of the
BS and the IRS are (−50, 0) and (0, 30), respectively. The
locations of the users are uniformly and randomly generated
within (−20, 20)× (−20, 20).
To demonstrate the computational efficiency of the proposed
ADMM-based method, we compare it with the benchmark
SDR-based method introduced in Section III-A in terms
of: 1) the average CPU time (ACT), and 2) the obtained
communication performance, i.e., mink SNRk. We run both
methods using software MATLAB R2016b. For the ADMM-
based method, we set the maximum iteration number of (11) as
2000, and we repeatedly solve (9) using the iteration in (11) for
5 times. For the SDR-based method, we use CVX with solver
SDPT3 for implementation [14], and if the solution is not
rank-one, we consider the following two schemes to recover a
feasible solution. For notational simplicity, we useΨ to denote
the optimal solution to problem (6) and φ = [φ1, · · · , φn] to
denote the recovered solution.
Scheme 1: Denote φ˜ ∈ C(N+1)×1 as a randomly generated
vector using Gaussian distribution CN (0,Ψ). Let φˆ ∈ CN×1
with φˆn = φ˜n/φ˜N+1 for 1 ≤ n ≤ N . Then, we set φn =
φˆn/|φˆn| for 1 ≤ n ≤ N . Note this scheme is also used in
existing works, see e.g., [3], [11].
Scheme 2: Denote φ˜ ∈ C(N+1)×1 as the eigenvector of Ψ
that corresponds to the largest eigenvalue. Let φˆ ∈ CN×1 with
φˆn = φ˜n/φ˜N+1 for 1 ≤ n ≤ N . Then, we set φn = φˆn/|φˆn|
for 1 ≤ n ≤ N .
Note that the solutions generated by Scheme 1 and Scheme
2 are feasible to both constraints (3b) and (4). In our sim-
ulation, if Scheme 1 is used, we randomly generate 104
solutions and pick the best one. For the proposed ADMM-
based method, if constraint (3b) is considered, we directly
compute the solution by using the methods presented in the
previous sections. If constraint (4) is considered, we directly
normalize all the RCs obtained by the using proposed ADMM-
based method so that the solution is feasible to (4). The ACTs
are obtained by using the timing instructions of MATLAB, i.e.,
’tic’ and ’toc’, and are averaged across 50 random channel
realizations. We summarize the comparison results in Table
I. Note the if Scheme 1 is used, the CPU time for the
randomization process is not taken into account, and thus the
results in Table I, in fact, underestimate the time consumed
by the SDR-based method with Scheme 1. From Table I, we
can see that the proposed ADMM-based method runs much
faster and achieves better performance than the benchmark
SDR-based method.
In Fig. 1, we plot the smallest SNR of the users versus
the number of reflecting elements, N . In our simulation,
for the case of multicasting, we use the method in [9] to
optimize the beamforming vector of the BS, i.e., b, and for
50 50 100 150 200
1
2
3
4
5
6
0 50 100 150 200
0.6
0.8
1
1.2
1.4
1.6
Fig. 1: SNR balancing level versus the number of reflecting
elements N .
the multi-user downlink transmission scenario, we use the
method in [10] to optimize the beamforming matrix of the
BS, i.e., [b1, b2, · · · , bK ]. The results in Fig. 1 are obtained
by alternatingly optimizing the active beamforming at the BS
and the passive beamforming at the IRS, and are averaged over
50 random channel realizations. Note that in Fig. 1, N = 0
stands for the case where there is no IRS in the system. Based
on the results in Fig. 1, we can see that due to the deployment
of the IRS, SNRs of the users can be significantly improved,
especially for the scenario of multicasting.
In Fig. 2, we plot the smallest SNR of the users versus
the number of the users K , where we set PB = 10 dBm in
Fig. 2(a) and PB = 15 dBm in Fig. 2(b). In Fig. 2(a), the
optimal value of problem (6) is plotted, which constitutes an
upper bound on the optimal value of (3) due to the neglected
rank-one constraint. First of all, Fig. 2(a) reveals that the
performance of the ADMM-based method approaches the
upper bound, which indicates that the solution obtained by
the ADMM-based method is nearly optimal. Besides, from
Fig. 2, we can see that by using the ADMM-based method,
the performance loss is relatively small when the RCs are
subject to (4). In fact, through extensive numeric experiments,
we find that using the ADMM-based method, the amplitudes
of most RCs are equal to one after optimization. Note that the
non-convex constraint (4) is generally hard to handle, and Fig.
2 inspires us that if φ is subject to (4), we can replace (4) with
(3b) to optimize φ and recover a feasible solution by a simple
projection operation, which does not cause much performance
loss. In Fig. 2(a), we can also see that for the SDR-based
method, Scheme 1 achieves better performance than Scheme
2. This is because given that Φ is not rank-one, the solution
generated by Scheme 2 is sub-optimal, but in Scheme 1, due
to the fact that multiple solutions are randomly generated, it
is possible that a few of the solutions are close to the optimal
solution, which leads to a good performance. It is important
to note that in Fig. 2(a), the proposed ADMM-based method
exhibits better performance than the SDR-based method no
matter Scheme 1 or Scheme 2 is used to recover a feasible
solution, which demonstrates the superiority of the ADMM-
based method.
VI. CONCLUSIONS
We investigated the passive beamforming design problem
in IRS-aided multi-user systems. We maximized the smallest
SNR of the multiple users. Low complexity methods based
on ADMM algorithm were proposed to solve the established
12 14 16 18 20
2
3
4
5
6 SDR, Scheme 1
SDR, Scheme 2
ADMM, subject to (3b)
ADMM, subject to (4)
SDR upper bound
12 14 16 18 20
2
2.5
3
3.5
4
4.5
5
ADMM, subject to (3b)
ADMM, subject to (4)
Fig. 2: SNR balancing level versus the number of users K ,
where we set N = 150.
optimization problems. Simulation results demonstrated the
efficiency of the proposed ADMM-based method.
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